Neighborhood characteristics such as racial segregation may be associated with type 2 diabetes mellitus, but studies have not examined these relationships using spatial models appropriate for geographically patterned health outcomes. We constructed a local, spatial index of racial isolation (RI) for black residents in a defined area, measuring the extent to which they are exposed only to one another, to estimate associations of diabetes with RI and examine how RI relates to spatial patterning in diabetes. We obtained electronic health records from 2007-2011 from the Duke Medicine Enterprise Data Warehouse. Patient data were linked to RI based on census block of residence. We used aspatial and spatial Bayesian models to assess spatial variation in diabetes and relationships with RI. Compared with spatial models with patient age and sex, residual geographic heterogeneity in diabetes in spatial models that also included RI was 29% and 24% lower for non-Hispanic white and black residents, respectively. A 0.20-unit increase in RI was associated with an increased risk of diabetes for white (risk ratio = 1.24, 95% credible interval: 1.17, 1.31) and black (risk ratio = 1.07, 95% credible interval: 1.05, 1.10) residents. Improved understanding of neighborhood characteristics associated with diabetes can inform development of policy interventions.
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Type 2 diabetes mellitus, referred to hereafter as diabetes, is a chronic health condition affecting 26 million people in the United States (1). Prevalence and incidence of diabetes are increasing, with new-diagnosis rates highest among black and Hispanic persons (1, 2) .
A fundamental cause of health disparities, racial residential segregation (RRS) of black persons refers to the geographic separation of black residents from those of other racial/ethnic groups (3) . Through the concentration of poverty and poor physical and social environments, RRS results in distinctive ecological environments for black residents that may underlie racial health disparities (3) . RRS has been linked with adverse health outcomes (e.g., preterm birth (4-7), infant mortality (8) (9) (10) , and all-cause mortality (11) (12) (13) (14) (15) ). Neighborhood characteristics that may systemically vary by levels of segregation (16) , such as physical activity resources and healthy foods, are associated with diabetes incidence (17, 18) . Despite the plausibility of an association between RRS and diabetes, recent reviews (19, 20) found only 4 studies examining this relationship. Two studies found that greater segregation was associated with higher diabetes mortality (21, 22) , while the other 2 studies, using both individual and neighborhood information, did not find associations between segregation and diabetes (23, 24) . A related fifth study found roughly equivalent rates of diabetes among black and white residents in a racially integrated urban, low-income Baltimore neighborhood, suggesting that disparities may be reduced in shared residential contexts (25) .
Prior work on RRS and diabetes relies on aspatial, random intercept models that assume independence among geographic units used to define an individual's living space (21) (22) (23) . However, ignoring spatial dependency in a health outcome may lead to underestimation of standard errors, producing narrow confidence intervals and, potentially, incorrect inference (26) . Given evidence of geographic patterning in diabetes (24) and calls for improved methodological approaches for studies of RRS and health (27) , we adopted a Bayesian framework to evaluate aspatial and spatial modeling approaches.
We used electronic health records from the Duke University Health System (Durham, North Carolina) for over 147,000 patients. We focused on racial isolation (RI), one dimension (of 5) of RRS (28) that refers to the average probability of contact between black and white residents across neighborhoods. We used a local, spatial measure of RI of black residents (5, 29) that: 1) aims to characterize an individual's living space, including factors hypothesized to be driven by RRS like poverty and unemployment, poor-quality built environment, and crime (3, (30) (31) (32) ; and 2) helps to overcome documented shortfalls of simple racial composition (e.g., black) indices (19) .
Our objectives were to use aspatial and spatial regression techniques to: 1) evaluate the nature of geographic heterogeneity of diabetes; 2) describe whether and how patient-level risk factors and RI relate to geographic heterogeneity in diabetes; and 3) examine cross-sectional associations of diabetes with RI.
METHODS

Data
The study area consisted of 5,029 census blocks that make up Durham County, North Carolina. The Durham County population is 37.5% non-Hispanic black, 42.1% non-Hispanic white, and 13.5% Hispanic/Latino (33) .
Patient data. We obtained electronic health records for 377,556 unique patients from the Duke Medicine Enterprise Data Warehouse from between January 1, 2007, and December 31, 2011. We street-geocoded residential addresses to link each patient with a 2010 census block. Of 361,434 patients with valid addresses, 88% were geocoded. We restricted the geocoded data set to patients in Durham County (remaining n = 243,837) and removed patients whose records included only laboratory test results (remaining n = 243,820). Patients aged <18 years were excluded (remaining n = 183,583), as were those whose data had missing data for sex (remaining n = 183,498) or race/ethnicity (remaining n = 171,520). We restricted our analysis to black and white patients (remaining n = 147,359) residing in blocks with nonzero population (remaining n = 147,351).
Age, sex, and race/ethnicity were obtained from each patient's most recent record during the study period. Patients were defined as having diabetes according to a previously derived disease phenotype. Briefly, patients had diabetes if they met criteria based on International Classification of Diseases, Ninth Revision, codes; medication utilization; or combinations of lab results (34) . Details are available in Web Appendix 1 (available at https://academic. oup.com/aje).
This research was approved by the internal review boards at Duke University and Rice University.
Neighborhood RI. We used a local, spatial measure of RI of black residents (compared with all other racial/ethnic groups, including Hispanics) (5) . Using 2010 Census data (33), we calculated block-level RI scores by accounting for the population composition in the index block along with adjacent blocks. In calculating spatial indices, edge effects may occur when neighboring blocks located outside the study area are ignored, thus distorting the index values assigned to bordering blocks within the study area. We thus included neighboring blocks located in surrounding counties in our adjacency structure. The local, spatial measure of RI is the average proportion of black persons in the local environment. The index ranges from 0 to 1; 0 indicates that the neighborhood environment was 100% nonblack (no isolation), and 1 indicates that it was 100% black (complete isolation). We summarize the index in the Web Appendix.
Block-level RI was linked with patient data based on each patient's block of residence. The RI index of black residents was used in both the white and black race-stratified models.
Statistical analysis
We computed descriptive statistics of the study sample and evaluated whether black and white residents had overlapping exposure distributions to inform use of race-stratified models (35) .
Geographic heterogeneity of diabetes. We evaluated geographic heterogeneity of patient-level diabetes diagnosis (0/1) by comparing 4 patient-level regression models: 1) no random effects ("standard" model); 2) unstructured random effects only ("random intercept" model); 3) spatially structured random effects only ("intrinsic conditional autoregressive (ICAR) model"); and 4) both structured and unstructured random effects ("convolution" model). Nesting patients in their block of residence, models with random effects are based on the hypothesis that there are sources of unobserved variation in diabetes common to patients in the same block. The unstructured random effect assumes that blocks are independent across geographic space, while the spatially structured random effect assumes that diabetes in blocks nearer to each other is more similar. This term reflects sources of unobserved heterogeneity that vary locally ("clustering").
Spatially structured random effects are modeled with an ICAR prior (36, 37) . The unstructured random effects are assigned a normal prior with unknown variance. The variances of the unstructured and spatially structured random effects represent unknown hyperparameters, with priors for the log-precision taken from log-γ distributions with shape and scale equal to 1 and 0.0005, respectively. For all models, we assigned vague normal (0, 1,000) priors to the parameters for patient risk factors and RI.
We fitted 3 model specifications, including a null model, a model adjusting for patient risk factors (age, sex), and a model adjusting for patient risk factors and RI. We used these model specifications to examine how residual geographic heterogeneity in diabetes changed after the addition of patient-level risk factors and RI. We conducted model selection using the deviance information criterion (DIC) (38) , based on the full-adjustment model with patient risk factors and RI. Smaller DIC values indicate a better model, with differences in DIC ≤5 considered nonsignificant (39) .
We used the model selected based on DIC to describe geographic heterogeneity in diabetes. First, to quantify the extent to which patient-level risk factors and RI accounted for residual geographic heterogeneity, we calculated the percent change in residual geographic heterogeneity, by sequentially comparing the null, patient-level risk factor, and patient-level risk factor plus RI models (40, 41) . Second, we evaluated changes in geographic heterogeneity across the null, patient-level risk factor, and patient-level risk factor plus RI models. For each model, we estimated the proportion of residual geographic heterogeneity attributable to the spatially structured random effect. This is calculated by dividing the marginal variation of the spatially structured random effect by the sum of the marginal variations of the spatially structured and unstructured effects (42, 43) . A value near 1 suggests that most of the excess variation is due to spatial clustering, while a value near 0 suggests that most of the excess variation is due to heterogeneity from the unstructured random effect.
Cross-sectional association of diabetes and RI. To estimate the association between diabetes and RI, we used the regression model selected based on the DIC that included patient-level risk factors and RI. We then applied a map decomposition technique (44) to explore the relative contribution (on the multiplicative scale) of RI versus the unstructured and spatially structured random effects to diabetes risk at the block level. For example, for a given block, the component risk ratio for RI is equal to the exponentiated fixed-effect estimate multiplied by the standardized RI value. This quantity represents the risk contribution of RI for the average patient in the index block. Mapping the component risk ratios enables visualization of the geographic distribution of risk and the extent to which local risk may be driven by RI versus unobserved sources reflected in the random effects.
Sensitivity analysis. We examined the Watanabe-Akaike information criterion (45) to see if using this criterion instead of the DIC would have changed model selection (46) . We evaluated robustness of results to prior specifications by using 4 different log-γ distributions for the random-effect log-precisions, with the following shape and scale specifications: (0.001, 0.001), (0.01, 0.01), (0.5, 0.0005), and (1, 0.026) (47) . Patient-level insurance was not controlled for in the main analysis. To better understand how this might have affected results, we restricted the analysis to patients with nonmissing insurance status and then fitted racestratified models with and without insurance as a covariate (revised n = 49,113 black residents and n = 52,556 white residents). Last, we compared cross-sectional associations for RI (risk ratios and 95% credible intervals) from the model selected based on DIC/Watanabe-Akaike information criterion with the remaining 3 models to investigate whether inference was sensitive to model assumptions. Details are provided in the Web Appendix.
All statistical analyses were performed using R, version 3.2.3 (R Foundation for Statistical Computing, Vienna, Austria) (48) . Models were fitted using integrated nested Laplace approximation (INLA) (49) .
RESULTS
Summary statistics
Patients resided in 3,439 (72.1%) blocks in the study area. Over half (55.9%) were white. Approximately 16% of black and 9% of white patients had diabetes ( Table 1) . Proportions of patients with diabetes in each block are shown in Figure 1 . The inverse correlation (−0.98) between proportions of black and white patients and RI quintiles called for a race-stratified modeling approach (Web Table 1 ) (35) . Block-level RI of black patients is shown in Figure 2 . In the study area, block-level RI ranged from 0 to 1, with a mean of 0.35 (standard deviation, 0.21) and median of 0.28. The standard deviations in RI among white and black patients were 0.17 and 0.23, respectively.
Model choice
For black residents, DIC analysis indicated that the convolution model showed superior fit compared with the ICAR, standard, and random intercept models (Table 2) . For white residents, the ICAR and convolution models were statistically indistinguishable but preferred over the standard and random intercept models. In results that follow, for black residents, we report results for the convolution model, and for white residents, we report results from the simpler ICAR model. Cross-sectional associations are presented per 0.20-unit increase in RI, which ranges from 0 to 1.
Black residents
Among black residents, a 0.20 increase in RI was associated with 1.07 (95% credible interval: 1.05, 1.10) times higher risk of diabetes in the selected (convolution) model. In the null model, the residual geographic heterogeneity (i.e., residual variation on the Poisson scale associated with the spatially structured and unstructured random effects) was approximately 0.23 ( Figure 3) . With the addition of patient age and sex, heterogeneity decreased by 68%, to 0.07. Inclusion of RI further decreased heterogeneity by 24%, to 0.06. In the null model, approximately 60% of the residual geographic heterogeneity was attributable to the spatially structured random effect. After including patient age and sex, approximately 84% of the residual heterogeneity was attributed to the spatially structured random effect. In the model including RI, the proportion of the residual heterogeneity attributable to the spatial random effect decreased to 60%, similar to that in the null model.
Overall, block-level risk ratios of diabetes among black residents ranged from 0.75 to 1.38. A map decomposition is presented in Figure 4 , representing the overall risk ( Figure 4A ) and risk contribution of RI ( Figure 4B ), the spatially structured block-level random effect ( Figure 4C ), and the unstructured block level random effect ( Figure 4D ) for the average patient in the index block. Figure 4A shows that risk of diabetes among black residents was highest in central Durham. The blocks with the most pronounced contributions from RI ( Figure 4B ) corresponded to blocks with higher RI values. The contribution of RI to decreased risk was most pronounced in areas outside of central Durham. Among black residents, the magnitude of the association with RI and the width of the 95% credible intervals were similar across models (Table 3) . Figure 4C and 4D show risk of diabetes for the average block resident associated with the spatially structured and unstructured block-level random effects, respectively. The contribution of the spatial random effect ( Figure 4C ) to increased risk of diabetes was more pronounced in north central and northern Durham. The contribution of the spatial random effect to decreased risk of diabetes was most pronounced in southern Durham. In Figure 4D , unstructured effects are estimated only for blocks containing black patients, and there was no clear spatial patterning of the blocks with the most pronounced unstructured random effect.
White residents
Among white residents, a 0.20-unit increase in RI was associated with 1.24 (95% credible interval: 1.17, 1.31) times higher risk of diabetes, after adjusting for patient age and sex. All residual geographic heterogeneity was attributed to spatial clustering. Residual geographic heterogeneity in the null model for white residents was 0.50 ( Figure 5 ). The addition of patient age and sex to the model decreased residual heterogeneity by 44%, to 0.28; the subsequent addition of RI decreased residual heterogeneity by 29%, to 0.20.
Overall, block-level risk ratios of diabetes among white residents ranged from 0.42 to 2.11. The map decomposition presented in Figure 6 shows the overall risk of diabetes ( Figure 6A ) and risk contribution of RI ( Figure 6B ), and the spatially structured block-level random effect ( Figure 6C ) for the average patient in the index block. Figure 6A indicates that risks of diabetes were highest in central, eastern, and some far northeastern parts of Durham, and risk was lowest in western Durham. The most pronounced contribution of RI to increased risk of diabetes occurred primarily in central Durham, and areas bordering the north, east, and south of central Durham ( Figure 6B ). Decreased risk of diabetes occurred primarily in the western portion of central Durham and outside of central Durham. Among white residents, the magnitude of the association with RI was larger in the standard and random intercept models compared with the ICAR and convolution models ( Table 3 ). The 95% credible intervals were also wider in the ICAR and convolution models.
The contribution of the spatially structured random effect ( Figure 6C ) to increased risk was most pronounced in central and eastern Durham. Blocks in the northeast and northwest corners of Durham also exhibited increased risk of diabetes from the spatially structured random effect. The contribution of the spatially structured random effect to decreased risk of diabetes was most evident in southwestern Durham.
Sensitivity analysis
Using Watanabe-Akaike information criterion instead of DIC would not have resulted in selection of different models (Web Table 2 ). Results were robust to different prior specifications on the precisions of the random effects. In race-stratified models with and without health insurance status, cross-sectional associations for black and white residents were not substantively different from those reported in the main analysis (Web Table 3 ).
DISCUSSION
Our objectives were to use aspatial and spatial regression to: 1) evaluate the nature of geographic heterogeneity of diabetes; 2) describe how patient-level risk factors and RI relate to geographic heterogeneity in diabetes; and 3) examine cross-sectional associations of diabetes with RI. The nature of residual geographic heterogeneity in diabetes differed between black and white residents. Among black residents, uncorrelated heterogeneity accounted for a sizable portion of unobserved heterogeneity, while residual geographic heterogeneity among white residents was fully characterized by spatially patterned underlying phenomena. Block-level risk of diabetes showed greater variation among white residents than black. Patient age and sex accounted for more residual heterogeneity among black residents than white, while the inclusion of RI similarly proportionately reduced residual geographic heterogeneity among both black and white residents. The crosssectional association estimated between RI and diabetes for white residents was larger than that estimated for black residents, and aspatial models underestimated standard errors compared with spatial models.
Despite the plausibility of an association between neighborhood racial segregation and diabetes, spatial methods have not, to our knowledge, been utilized to date. Consistent with previous research (35) , black and white residents, on average, have distinct residential contexts, which may lead to separate environmental risk factors for diabetes. For white residents, the exclusive role of the spatially structured random effect in unobserved geographic heterogeneity suggests the presence of local environmental risk factors whose effects on diabetes diagnosis spill over census-block boundaries. Among black residents, the spatially structured random effect was certainly important. However, a component of unobserved geographic risk was specific to individual census blocks, which suggests there are environmental risk factors specific to the more immediate block geography, in addition to factors that spill over census boundaries.
The larger range in overall census-block level risk of diabetes among white residents than black may speak to underlying differences in race-specific study samples. Compared with black residents, white residents are more spread out across Durham, creating more widely varying opportunities for environmental risk factors to affect health outcomes. White residents may also have more widely varying underlying health, resulting in patient profiles that may be more or less protective of health, and particularly diabetes. The RI index used here measures the geographic separation of black residents from other racial/ethnic groups. After the addition of RI to the model with patient age and sex, total residual geographic heterogeneity was similarly proportionately reduced for both white and black residents. While the absolute reduction in the spatially structured component of residual geographic heterogeneity was larger for white residents (0.08) than black (0.018), the relative reduction in spatially structured variation was greater among black residents (45%) compared with white (29%). This may relate to race-based differences in exposure patterns (i.e., white residents are largely unexposed to high levels of RI of black residents) or the presence of health-protective characteristics among white residents that buffer against the harmful effects of RI (e.g., higher socioeconomic status).
White residents in high-RI blocks live in predominantly black neighborhoods, such that they have greater exposure to the adverse environmental conditions that may drive higher rates of diabetes. In contrast, when white residents live in low-RI blocks, they may benefit from health-promoting environmental conditions. Those white residents who are subject to the same block conditions as black residents may be worse off because they do not reap neighborhood benefits that provide a diabetes health advantage to most other white residents, a premise supported by the findings of others (25) . However, the contribution of the spatially structured random effect to overall risk of diabetes suggests that there may be other spatially patterned risk factors operating that we are not accounting for here.
This study has limitations. One is the cross-sectional nature of the data, which precludes causal inference, given that we do not know the temporal sequence of residence and diabetes diagnosis.
Although we used a previously derived diabetes disease phenotype, we may not have captured all patients with diabetes in our study sample. Using the derived diabetes indicator, the proportion of patients with a diabetes diagnosis was 12.4%, somewhat higher than diabetes prevalence (9.0%) in Durham, estimated using Centers for Disease Control and Prevention data (50) . The association observed between RI and diabetes may be subject to confounding from factors for which we did not control. If individual socioeconomic status acts as a confounder, not controlling for it may have biased the estimated association. Sensitivity analyses indicate that inclusion of insurance, which was missing for approximately 31% of the sample, did not affect estimated associations between RI and diabetes. Another limitation relates to the study sample's representativeness of Durham County's population. During the study period, approximately 84% of Durham County residents received care from a Duke Medicine provider at least once (51) . Additionally, the study sample excluded patients with residential addresses that could not be found/matched in a reference address data set. These nongeocodable patients who were removed from the analysis may systematically differ with respect to characteristics affecting exposure and/or health, which may affect the generalizability of results. For example, those without geocodable addresses may be a more transient population, with lower socioeconomic status and higher rates of diabetes or higher rates of undiagnosed diabetes.
This study has important strengths. Researchers have observed associations between RRS measures and health (30, 31) , but few studies have examined segregation and diabetes (52) . Most rely exclusively on aspatial models (21) (22) (23) 25) . For spatially dependent health outcomes, such an approach may lead to underestimation of standard errors (26) , as observed here. Thus, the aspatial models dominating the current literature may overestimate the precision of associations. Furthermore, compared with segregation measures estimated at the metropolitan or city level, the local, spatial measure of block-level RI may be more closely linked to individual health outcomes by serving as a proxy for the concentration of multiple disadvantages into a single, local ecological space (5, 53) . We identified blocks in which RI versus other underlying spatially patterned phenomena may be influencing diabetes risk. In blocks with other neighborhood-based spatially patterned risk factors contributing to diabetes risk, further research is needed to identify what these additional neighborhood characteristics are and how they might be addressed to reduce diabetes risk.
